1.. Introduction {#s1}
================

While record low tuberculosis (TB) rates have been achieved in some countries, significant challenges in global TB control remain. In Canada, TB disease rates are considerably higher in the Inuit population than in the non-aboriginal Canadian-born population \[[@RSOS180999C1]\]. A recent study reported on a TB outbreak in a largely Inuit village with a population of 933. Between November 2011 and November 2012, 50 microbiologically confirmed cases of TB were diagnosed in this community. Of these, 34 had new infection, defined as a positive tuberculin skin test (TST) without a history of TST being performed or with a previously documented negative TST. Contact investigation also identified an additional 115 individuals who had new infection, but did not progress to active TB disease in the following year, thus yielding an attack rate of 23% for disease among those with new infection \[[@RSOS180999C2]\]. This risk is much higher that the oft cited 2--5% risk of progression following new infection \[[@RSOS180999C3]--[@RSOS180999C5]\]. The study indicated that, among newly infected individuals, exposure to additional active cases as determined from self-reported contacts was associated with a significantly increased probability of developing active disease within a year; with each additional exposure, the odds of disease increased by a factor of 1.11 (95% CI, 1.06--1.16). Previous work has discussed the plausibility \[[@RSOS180999C6]\] and potential impact of reinfection (defined in \[[@RSOS180999C7]\] as occurring five years or more after an initial infection) on TB dynamics \[[@RSOS180999C8]\]. However, the dynamic impact of numerous, tightly spaced exposures and attendant infections have not been explored.

Using binomial risk models \[[@RSOS180999C9]\] and data from \[[@RSOS180999C2]\], we evaluated two plausible mechanisms by which reinfection during this early, critical period can account for the increased disease risk: an independent effect of each infection on risk of progression (reinfection model) and a high risk of progression once the cumulative number of infectious contacts exceeds a threshold value (threshold model). Contacts of TB cases producing aerosols with high burdens of *Mycobacterium tuberculosis* are more likely to become cases \[[@RSOS180999C10]--[@RSOS180999C12]\], suggesting an inoculum effect as a plausible biological mechanism for both these models. Both models are consistent with the observed data, though neither fully accounts for the observed high risk of active disease in this population following an initial exposure. We further find that exposure to multiple infectious individuals during the critical, early time period following infection can dramatically increase expected outbreak size. The effects of delays in outbreak control may consequently be magnified by high rates of progression among multiply exposed individuals, with the potential to worsen outcomes for communities with limited access to healthcare resources.

2.. Methods {#s2}
===========

Based on previously published TB models \[[@RSOS180999C8]\], we developed binomial risk models for TB infection during the first year after infection and fit these models to data from a TB contact investigation in a largely Inuit (greater than 90%) village of 933 people. Study design and data collection are described in detail elsewhere \[[@RSOS180999C2],[@RSOS180999C13]\]. Data consisted of the number of TB exposures for 149 newly infected individuals, and whether these individuals developed active TB disease within the following year.

Model equations are given in the electronic supplementary material. In the *reinfection model*, each exposure has an independent risk of becoming an infection, and each infection independently contributes to the risk of active disease. This model is an extension of models of reinfection occurring years after initial infection, now applied to the classic incubation period for primary TB disease \[[@RSOS180999C7],[@RSOS180999C14],[@RSOS180999C15]\]. This model allows us to estimate a risk of infection per infectious contact, instead of assuming a constant risk of infection and progression irrespective of the number of infectious contacts. In this model, the probability of becoming a case with *i* infections is $1 - {({1 - p})}^{i},$ where *p* is the probability of progression per infection. The probability of acquiring *i* infections given *e* exposures (number of infectious contacts) is $\begin{pmatrix}
e \\
i \\
\end{pmatrix}\,{({1 - \zeta})}^{e - i}\,\zeta^{i},$ where *ζ* is the per exposure probability of infection. In the *threshold model*, a small number of exposures confers a low risk of active disease, while a large number confers a high risk of active disease and is modelled using a sigmoidal function. We model this with an error function with four parameters, where the risk of disease depends on the number of exposures; here infection is not explicitly modelled. To statistically test for the presence of a threshold effect, we compare the threshold model to the *increasing-risk model*, a model nested within the threshold model with one fewer parameter. This model is constrained to have a fixed inflection point at zero exposures and the increase in risk of disease with increasing exposures is similar to that of the *reinfection model*. Using maximum-likelihood estimation, we estimated key parameters governing TB progression for these three models. The observed Fisher information was used to determine confidence intervals for logit- (reinfection model) and log-transformed (threshold and increasing-risk models) parameters and the *χ*^2^-likelihood ratio test was used to compare the threshold and increasing-risk models in order to evaluate for the presence of a threshold effect. *χ*^2^-goodness-of-fit *p*-values were also calculated.

To determine the dynamic impact of reinfection within a year of initial infection, we performed simulations from modified Reed--Frost models \[[@RSOS180999C16]\] for two years following an initial influx of cases. We limited the simulations to two years, as it seemed likely that more aggressive control measures would be implemented for large outbreaks well within this timeframe. We parametrized these models with the maximum-likelihood estimates from the reinfection and threshold models. We generated a number of exposures for each uninfected individual that approximated the observed distribution of exposures. Additional details and alternative parametrizations are given in the electronic supplementary material. For the reinfection model, exposed individuals acquired a total number of infections *i* with probability *ζ* per exposure and progressed to active disease within a year with probability $1 - {({1 - p})}^{i}$, where *p* is the risk of active disease for a single infection. For the threshold model, risk of disease was calculated from the maximum-likelihood parameter estimates and equation given in the electronic supplementary material. For both models, exposures and infections were generated for a second year using the number of cases produced in the first year. It was assumed all infectious individuals received treatment and were no longer infectious for a second year. The total cases over the two years, not including the initial cases, were then summed to obtain the outbreak size. We compared the threshold and reinfection models to a *constant-risk model* parametrized from the reinfection model. In this model, risk of infection was a constant 12% for infected individuals regardless of the number of exposures, corresponding to the risk of disease for singly exposed infected individuals in the reinfection model. We investigated scenarios ranging from a single initial case to 50 initial cases.

3.. Results {#s3}
===========

Selected parameter estimates and confidence intervals for each of the three models are shown in [table 1](#RSOS180999TB1){ref-type="table"}. The remainder of the parameter estimates is in the electronic supplementary material. [Figure 1](#RSOS180999F1){ref-type="fig"} shows the observed risk of infection as a function of number of exposures with binomial confidence intervals, as well as each of the model fits. Based on their goodness-of-fit *p*-values, the reinfection, increasing-risk, and threshold models are consistent with the observed data. The threshold model confers an improved fit over the increasing-risk model (*p* = 0.04), providing evidence of a threshold effect. All models estimate a probability of progression to disease within one year for a single infection of over 10%, and significantly greater than 5%. The inflection point in our threshold model is at 17.6 exposures, indicating that the probability of active disease was larger for individuals with 18 or more exposures than for individuals with 17 or fewer exposures. Simulation from our modified Reed--Frost models indicates that allowing for reinfection or threshold effects produces larger outbreak sizes on average than a constant-risk model. The reinfection model increasingly diverges from the constant-risk model with increasing numbers of initial cases. The threshold and reinfection models produce outbreaks of similar size, which are larger than those produced in a constant-risk model. These results are summarized in [figure 2](#RSOS180999F2){ref-type="fig"}. Figure 1.Data and model fit. Number of exposures (number of infectious contacts) and probability of disease for the reinfection (red), threshold (blue) and increasing-risk (green) models. Observed data are shown in grey with exact binomial confidence intervals. Figure 2.Expected outbreak size as a function of number of initial cases for the reinfection model, threshold model and constant-risk model. Shaded ribbons depict the 95% confidence interval for the expected outbreak size. Twenty-five simulations were performed for each number of index cases, 1--50. Note that the individual risk of active disease is on average larger for the reinfection and threshold models than it is for the constant-risk model; for the constant-risk model, it is assumed that risk of disease from singly exposed infected individuals can be extrapolated to individuals with more exposures, a common practice in TB modelling. Table 1.Parameter estimates for the reinfection and threshold models. Confidence intervals are given in parentheses. A complete list of parameters for the threshold model is given in the electronic supplementary material.valuequantityreinfection modelthreshold modelincreasing-risk modelnegative log-likelihood73.270.872.8probability of progression to disease (*p*)0.12 (0.060, 0.21)------probability of infection given exposure (*ζ*)0.18 (0.055, 0.45)------probability of progression to disease given one exposure---0.15 (0.093, 0.24)0.12 (0.064, 0.22)threshold location---17.7 (13.9, 22.5)constrained at 0increase in probability of progression to disease associated with many exposures---0.45 (0.27, 0.75)---goodness-of-fit *p*-value0.970.990.97*p*-value for significantly improved fit of threshold model---0.04 (*χ*^2^ likelihood ratio test)

4.. Discussion {#s4}
==============

The increase in disease risk with increasing exposures found in \[[@RSOS180999C2]\] could be explained by an independent effect of each infection on risk of progression (reinfection model), or by a high risk of progression once the cumulative number of exposures exceeds a threshold value (threshold model). Previous work has shown that the effect of increasing disease risk with increasing number of infectious contacts persists after adjustment for a number of covariates \[[@RSOS180999C2]\]. Here we found that the threshold model conferred an improved fit relative to the increasing-risk model. However, more research is needed to determine whether this finding is replicable across human populations, and whether there is evidence of a threshold effect in other settings. We also note that the threshold location is likely to be population-dependent, since the average intensity of exposure per contact may vary across populations and environments.

While reinfection or threshold effects can account for approximately half of the observed 20% risk of disease following new infection in this population, it cannot account for all of it: all of our models estimated a probability of progression to active disease within a year given a single infection of over 10%, which is much higher than has been observed in other populations \[[@RSOS180999C17]\] and significantly greater than 5% \[[@RSOS180999C3]--[@RSOS180999C5]\]. Various factors could contribute to this discrepancy: first, number of contacts may have been underreported for individuals with small numbers of exposures. Second, the nature of contacts between infectious and susceptible individuals in this setting may have resulted in a high rate of progression to disease among contacts. Intensity of exposure to an infectious case has been shown to affect the risk of TB infection and disease \[[@RSOS180999C18],[@RSOS180999C19]\]. Third, prior exposure to *M. tuberculosis* or prior TB disease may have modified disease risk for individuals with few exposures. While prior infections are generally thought to protect against new infections \[[@RSOS180999C17],[@RSOS180999C20]--[@RSOS180999C22]\], a South African study found that when an infection progressed to disease, that individual was at higher risk of disease following treatment than the community rate \[[@RSOS180999C23]\]. Finally, closely spaced infections may act to modulate immune responses in a way that increases the risk of disease and transmissibility. Recent research supports the idea that multiple closely spaced exposures have a causal effect on disease risk---e.g. a recent study in the rabbit model of TB found that a bacterial inoculum divided over multiple exposures produced more extensive cavitary pulmonary disease than when the same inoculum was given in a single exposure \[[@RSOS180999C24]\]. Additional information on the timing of infections and prior disease for individuals in this community and the timescales over which protective immunity develops for both individuals (with and without prior TB disease) would be required to determine how interactions among TB infections could have contributed to the observed high risk of disease. We note that everyone in this study acquired at least one TB infection since they were all newly TST positive. Our estimates therefore incorporate any protective immunity that might develop during this short timeframe. Specifically, the risk of infection per exposure could be higher (or lower) than the quantity estimated for uninfected individuals.

Our simulation results indicate that reinfection and/or threshold effects can have a dramatic effect on outbreak sizes, even on short timescales. In situations where we expect a lag in intervention due to lack of resources or access to care, the probability of uninfected individuals coming into contact with multiple TB cases becomes increasingly likely. This suggests that delays in the implementation of outbreak control measures could contribute to health disparities; not only would more transmission occur during such delays, but increased exposure would also lead to significantly more active disease among those already exposed. These effects would propagate, ultimately leading to significantly higher disease burden than would be expected without such effects.

Failure to account for the effect of exposure to multiple infectious individuals within a short timeframe in models of TB might lead to spurious results. For example, the risk of active disease following infection may not be equivalent between low and high prevalence settings; this could lead to an underestimation of disease burden in high prevalence settings, where exposure to multiple infectious individuals within a short timeframe is likely common. In terms of the practical implementation, we note that both the reinfection and threshold models predict similar outbreak sizes over two years over a wide range of initial cases, indicating that multiple parametrizations of the increasing risk of active disease with increasing exposures may be able to produce comparable outbreak sizes.

A limitation of our results is that numbers of exposures are based on self-reported contacts, which were then used to obtain the number of infectious contacts for each infected individual. Underreporting of contacts could have contributed to the observed high disease rates and would lead to overestimates of the effect of each additional exposure. In addition, while we examined the effect of multiple closely spaced exposures on disease risk and consequent total outbreak sizes, exposure to multiple infectious individuals may contribute to large outbreak sizes by other mechanisms as well, which could worsen the dynamic impacts of exposures from multiple infectious individuals. Studies in humans have long indicated variability in infectiousness, with recent work suggesting that cough aerosols produced by a subset of TB patients enhance transmission \[[@RSOS180999C10],[@RSOS180999C11]\]. As noted above, experimental data suggest that individuals with multiple closely spaced infections could plausibly be at risk of developing more extensive/infectious forms of TB and thereby delivering large bacterial inocula associated with a high risk of disease progression in their contacts. If multiply exposed individuals produce higher levels of aerosols, this could further amplify the effects of closely spaced infections and attendant impacts of delays in treatment and case finding. Further work would be required to determine the effect of exposure to multiple cases on the risk of subsequent transmission. A limitation of our models is that the only predictor of progression we included was the number of infectious contacts; the potential impact of risk factors for progression in this outbreak has been examined elsewhere \[[@RSOS180999C2]\]. Furthermore, we used number of infectious contacts as a proxy for intensity of exposure; these two quantities may not be perfectly correlated since some contacts may have led to more intense exposures, either due to variability in levels of aerosols or duration of contact.

Theoretical work has indicated that exogeneous reinfection occurring years after initial infection can lead to unpredictable TB dynamics (e.g. multiple equilibria), which in turn can decrease the effectiveness of public health interventions \[[@RSOS180999C8]\]. We find here that reinfection within a year of initial infection can lead to appreciably larger outbreak sizes. TB models for high prevalence settings may need to account for this in order to obtain unbiased estimates of the effectiveness of interventions. It may also be essential to implement measures aimed at preventing repeated exposures, in addition to preventing primary infection, in order to decrease TB burden in high-prevalence populations. Early intervention and access to healthcare are essential to addressing disparities in TB burden.
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